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ABSTRACT 6 
Temperature is a fundamental thermodynamic property that can serve as a probe of biochemical 7 
reactions. Extracellular thermometry has previously been used to probe cancer metabolism and 8 
thermoregulation, with measured temperature changes of ~1-2 K in tissues, consistent with 9 
theoretical predictions. In contrast, previous intracellular thermometry studies remain disputed due 10 
to reports of >1 K intracellular temperature rises over 5 min or more that are inconsistent with 11 
theory. Thus, the origins of such anomalous temperature rises remain unclear. An improved 12 
quantitative understanding of intracellular thermometry is necessary to provide a clearer 13 
perspective for future measurements. Here, we develop a generalizable framework for modeling 14 
cellular heat diffusion over a range of subcellular-to-tissue length scales. Our model shows that 15 
local intracellular temperature changes reach measurable limits (> 0.1 K) only when exogenously 16 
stimulated. On the other hand, extracellular temperatures can be measurable (> 0.1 K) in tissues 17 
even from endogenous biochemical pathways. Using these insights, we provide a comprehensive 18 
approach to choosing an appropriate cellular thermometry technique by analyzing thermogenic 19 
reactions of different heat rates and time constants across length scales ranging from sub-cellular 20 
to tissues. Our work provides clarity on cellular heat diffusion modeling and on the required 21 
thermometry approach for probing thermogenic biochemical pathways. 22 
INTRODUCTION 23 
Biochemical reactions are often accompanied by enthalpy changes, resulting in local 24 
temperature changes. This renders temperature a physiological parameter of interest that can 25 
provide insights into biochemical pathways. For instance, extracellular thermometry has the 26 
potential to detect cancer [1] and thyroid-related diseases [2], and for understanding multiple 27 
metabolic pathways [3]–[6]. Such extracellular temperature changes originate in part from 28 
intracellular metabolic reactions. Hence, there has been a growing interest in intracellular 29 
thermometry [7]–[10] to probe sub-cellular metabolic pathways. However, studies using 30 
intracellular thermometry have been widely debated due to disagreements with theoretical 31 
predictions and potential measurement issues. For instance, previous studies [7], [11]–[17] report 32 
localized intracellular temperature rise > 1 K for 5 min or more, which exceeds theoretically 33 
predicted temperature changes [18]–[21] by several orders of magnitude. In some studies [7], [11]–34 
[14], [16], such intracellular temperature rises were never reported to go back to room 35 
temperatures, arising questions on the theoretical plausibility [9], [18] of such results and their 36 
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measurement credibility. Potential measurement issues have been identified in certain 37 
fluorescence-based thermometry techniques and are widely discussed in other recent reports [18], 38 
[22]–[25]. On the other hand, the theoretical predictions of typical intracellular temperature 39 
changes remain disputed [18]–[21], [26]. Baffou et al [18], [19] estimated that the typical 40 
intracellular temperature changes don’t exceed 10-5 K. Critics [9], [20], [21] have pointed out 41 
incorrect assumptions of heat source, cell thermal conductivity, and length scale of heat sources. 42 
Nonetheless, previous attempts [18]–[21], [26] to understand sub-cellular heat diffusion have been 43 
unable to explain the experimentally observed intracellular temperature changes [7], [11]–[16]. In 44 
contrast, at tissue length-scales, bioheat transport models [27], [28] with blood perfusion 45 
assumptions were previously used to predict the tissue-scale temperature changes, which are in 46 
good agreement with experimental results [4], [6], [27], [29]. Unlike tissue scale heat diffusion, 47 
sub-cellular heat diffusion modeling is less explored, and previous approaches to these two length-48 
scales seem disconnected from each other. Therefore, there is a need for a unified approach to 49 
modeling heat diffusion in biological cells spanning length scales ranging from sub-cellular to 50 
tissues.   51 
Here, we first reexamine the validity of the commonly used effective thermal conductivity 52 
(𝑘𝑒𝑓𝑓) approximation at cellular length-scales. Typically, in a cellular milieu, the spatial variations 53 
in thermal conductivity (𝑘) are approximated as an effective thermal conductivity, 𝑘𝑒𝑓𝑓, which is 54 
often reported as the thermal conductivity itself. Resistance to heat diffusion not only stems from 55 
the intrinsic material resistance, but also due to dissimilar material interfaces (Kapitza resistance, 56 
𝑅𝑇𝐼𝑅
′′ ) which often results in a discontinuous temperature jump across the interface [30]. The 57 
cellular milieu is home to numerous dissimilar interfaces from biomolecular complexes such as 58 
proteins, cytoskeleton components, organelles, etc. that are suspended in the cytosol. Such 59 
biomolecular complexes with hydrophobic- or hydrophilic-water interfaces can result in 𝑅𝑇𝐼𝑅
′′  of 60 
~10-8 to 10-7 K.m2W-1 [31]–[34] at a length-scale of ~50 nm. When interfaces dominate the overall 61 
thermal resistance, an effective thermal conductivity may no longer model heat diffusion behavior 62 
well. While the validity of 𝑘𝑒𝑓𝑓 has been questioned before [20], [26], this aspect has never been 63 
explored in detail. Here, we show that the effective thermal conductivity can become length-64 
dependent if the interfacial resistances dominate, especially at cellular length-scales. We then 65 
incorporate the interfacial resistances in our model to calculate the expected temperature changes 66 
across sub-cellular to tissue length-scales. Our model helps to understand the typically expected 67 
temperature changes and consequently the thermometry requirements for thermogenic reactions 68 
of different timescales and heat rates. Overall, our work provides a cellular heat diffusion model 69 
and the cellular thermometry requirements, which are vital for applications such as nanoparticle 70 
heating of cryopreserved tissues [35], [36], thermal ablation of tumor cells [37]–[39], 71 
thermometry-based bioenergetics studies [9], [40]–[42], etc. 72 
This paper is organized as follows. The Methods section discusses the cellular heat 73 
diffusion model, where we incorporate a cuboidal resistance network to capture the interfacial 74 
resistances of biomolecular complexes. We validate our resistance network and the heat diffusion 75 
model by comparing the results against the commonly used effective thermal conductivity 76 
approximation. Using the validated heat diffusion model, we first discuss the typical endogenous 77 
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temperature changes at sub-cellular and tissue length-scales. We then highlight the implications of 78 
the expected temperature changes in choosing a thermometry technique. 79 
 80 
METHODS 81 
Cellular heat diffusion model 82 
Cells contain a variety of biomolecular complexes ranging from proteins and nucleic acids 83 
to membranes and cytoskeleton to organelles such as lysosomes and mitochondria. Due to 84 
collisions with other macromolecular compounds in the cytosol, molecular diffusion in the cytosol 85 
has been estimated to be four times smaller than pure water [43]. The diffusion of heat, on the 86 
other hand, has been relatively unexplored at sub-cellular length-scales [18]–[21], [26].  87 
Heat transport in the cellular milieu can be assumed to be diffusive in nature, since the 88 
molecular mean free path in liquids is much smaller than 1 nm. However, the subcellular region 89 
contains biomolecular complexes that result in numerous dissimilar interfaces, where the diffusion 90 
approximation is no longer valid [44]–[46]. One of the commonly used techniques to model the 91 
thermal interfacial resistance at dissimilar surfaces is molecular dynamic (MD) simulations [47]–92 
[52]. For instance, studies using non-equilibrium MD simulations have captured the effects of 93 
interface topography [53], curvature [52], size, bonding energy [49], etc. on the thermal interfacial 94 
resistance. On the other hand, continuum models such as finite element methods (FEM) 95 
approximate the temperature discontinuity across dissimilar interfaces using the interfacial 96 
resistance as an input parameter [48], [54]. Typically, the thermal interfacial resistances are either 97 
measured experimentally [33], [54] or calculated from MD simulations [48], [53]. MD based 98 
simulations are usually limited to confined domains of few nm2- μm2 and are also limited by the 99 
computational capacity to be able to model an entire cell. To this end, in this work, we model the 100 
heat transport in cells and tissues using finite element methods through COMSOL Multiphysics 101 
software. While FEM cannot intrinsically estimate the thermal interfacial resistances, we instead 102 
investigate heat transport for a range of possible interfacial resistances for the biomolecular 103 
complexes. We discuss the range of values for the interfacial resistance shortly.  104 
We model heat flow using the transient heat diffusion equation, 105 
 106 
where, 𝑇 is the temperature, ?̇?′′′ is the volumetric heat generation rate,  𝜌 is the density, 𝐶𝑝 is the 107 
specific heat, 𝑘 is the thermal conductivity. Equation (1) is valid for diffusive heat transport across 108 
a range of sub-cellular to tissue length-scales. However, at sub-cellular length-scales, the material 109 
properties 𝑘, 𝜌, and 𝐶𝑝 are a strong function of the spatial location due to the suspended 110 
biomolecular complexes. Under steady-state conditions, the spatial variations of 𝜌 and 𝐶𝑝 can be 111 
ignored. In a typical experimental measurement, the spatial variations in 𝑘 and the effects of 112 
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additional interfacial resistances are approximated by an effective thermal conductivity, 𝑘𝑒𝑓𝑓, 113 
which is often reported as the thermal conductivity itself. Previous work [18]–[21], [26] typically 114 
used experimentally measured 𝑘𝑒𝑓𝑓 in a simplified version of Equation (1) to model the cellular 115 
heat diffusion and for predicting the expected temperature changes. Instead, in this work, we 116 
explicitly model the thermal interfacial resistance (𝑅𝑇𝐼𝑅
′′ ) of biomolecular complexes by 117 
introducing a temperature discontinuity at their surface, given by,  118 
 119 
 120 
where, ?̇? is the rate of heat flow, and 𝐴 is the surface area of the biomolecular complex.  121 
Typical biomolecular complexes such as proteins are suspended in the cytosol with the 122 
hydrophilic side chains exposed to saline, while the hydrophobic chains are curled inside. Such 123 
hydrophilic-water interfaces are expected to have thermal interfacial resistance (𝑅𝑇𝐼𝑅
′′ ) of ~10-8 124 
K.m2W-1 [31], [32]. For a hydrophobic-water interface, the interface resistance is typically higher 125 
and is ~2×10-8 K.m2W-1 [33]. Highly hydrophobic materials such as carbon nanotubes have a 126 
thermal interfacial resistance of ~2×10-7 K.m2W-1 with water [34]. Such interfacial resistances can 127 
produce a considerable temperature change. For instance, if 1 nW of heat flows across a protein 128 
chain of 50 nm width with 𝑅𝑇𝐼𝑅
′′ ~10-7 K.m2W-1, the temperature change can be as high as ~20 mK 129 
across a length of 100 nm. Further, when the interfacial resistances dominate the overall resistance 130 
to heat diffusion, the effective thermal conductivity (𝑘𝑒𝑓𝑓) would be less than that of proteins 131 
(𝑘𝑝~0.1-0.2 Wm
-1K-1). This can happen at sub-cellular length-scales and has recently been 132 
observed in an intracellular effective thermal conductivity measurement [55], which reported a 133 
𝑘𝑒𝑓𝑓~ 0.07-0.13 Wm
-1K-1. To accurately capture the heat diffusion at sub-cellular length-scales, 134 
Equation (2) must be used as a boundary condition at the surfaces of biomolecular complexes 135 
while solving Equation (1). Moreover, the topology of the biomolecular complexes must be 136 
established to be able to model the interfacial resistances. Therefore, in the following section, we 137 
introduce a generalized cubical topology for the biomolecular complexes.  138 
A generalized resistance network 139 
Figure 1a shows a partial picture of the cellular components across a ~0.1 μm2 area near 140 
the cell wall [56]. The cytoskeleton components such as actin, intermediate filaments, and 141 
microtubules are roughly 6 nm, 10 nm, 25 nm in diameter [57]. A steady-state heat diffusion across 142 
this subcellular space is subjected to a thermal resistance from the medium (𝑡/𝑘𝑚𝑒𝑑), the intrinsic 143 
resistance of proteins in the filaments (𝑡/𝑘𝑝) and the interfacial resistances of the filaments (𝑅𝑇𝐼𝑅
′′ ), 144 
where 𝑡 is the corresponding thickness. The thermal resistance network in the cellular environment 145 
can be visualized as numerous pockets of polyhedrons (filled with water) surrounded by protein 146 
chains. This can be approximated as cuboidal pockets of medium surrounded by surfaces of protein 147 
with a lumped resistance 𝑅𝑆
′′, as shown schematically in Figure 1b. The validity and impact of this 148 











′′. The resistance 𝑅𝑆
′′ can be assumed to be a lumped representation of all the 150 
intracellular components and their interfacial resistances. A mathematical representation of 𝑅𝑆





Figure 1 a) Schematic of typical cytoskeleton components in a roughly 0.1 μm2 area near the cell wall. 156 
𝑘𝑒𝑓𝑓 is the effective thermal conductivity of all the components shown here. If 𝑘𝑝>𝑘𝑒𝑓𝑓, the thermal 157 
interfacial resistance (𝑅𝑇𝐼𝑅
′′ )  dominate the 𝑘𝑒𝑓𝑓. b) A simplified representation of the thermal resistance 158 
network. The medium is assumed to have a thermal conductivity of 𝑘𝑚𝑒𝑑, surrounded by surfaces on all 159 
sides with a resistance of  𝑅𝑠
′′ (K.m2W-1). 160 
 161 
 162 
where, 𝑡𝑖 is the thickness of a lipid/protein/organelle 𝑖 with a thermal conductivity 𝑘𝑝𝑖, 163 
effective surface area 𝐴𝑖, with an interfacial resistance 𝑅𝑇𝐼𝑅𝑖
′′ , and 𝐴 is the surface area of the 164 
individual unit (~𝐿2) along which 𝑅𝑆
′′ is borne (Figure 1b). The last term in Eqn. (3) accounts for 165 
the reduction in the medium’s resistance due to displacement of the medium by the material 𝑖. Any 166 
advection thermal resistance can also be a part of Eqn. (3). We henceforth call this resistance 𝑅𝑠
′′ 167 
as the equivalent thermal resistance at a length-scale 𝐿, since from Eqn. (3) we can see that 𝑅𝑆
′′ is 168 
a strong function of the length-scale ~𝐴𝑡𝑖/𝐴𝑖. At a length-scale of 𝐿~50 nm, 𝑅𝑆
′′ is representative 169 
of the resistances from protein chains, whereas, at a length-scale 𝐿~50 μm, 𝑅𝑆
′′ represents all the 170 
proteins in the cell as an equivalent lumped resistance at the cell-wall. Thus, 𝑅𝑆
′′ can be higher at 171 
50 μm than at 50 nm. We now discuss the implications of a cuboidal resistance network 172 
approximation. Unless stated otherwise, we assume in this work that the pockets are filled with a 173 
medium, whose 𝑘𝑚𝑒𝑑 = 0.58 Wm
-1K-1, corresponding to the thermal conductivity of water. The 174 
real picture could be better represented by a 𝑘𝑚𝑒𝑑 that is < 0.58 Wm
-1K-1, due to the dispersed 175 
proteins and ions, and 𝑅𝑆
′′ could be ∑ 𝑅𝑇𝐼𝑅𝑖𝑖 , instead of Eqn. (3). However, since an accurate spatial 176 
distribution of 𝑘𝑚𝑒𝑑 and 𝑅𝑇𝐼𝑅
′′  is not available for a heterogeneous cellular environment, we assume 177 
that all the additional resistances are lumped along the surface as 𝑅𝑆
′′ (Eqn. (3)). Further, we assume 178 
a rectilinear topology (cuboid) for the unit cell of the resistance network as shown in Figure 1b. 179 
𝑅𝑆
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The real topology could be complex (with entangled resistance network and high interfacial 180 
resistances) or simpler (with a homogenous dispersion of proteins and low interfacial resistance). 181 
Our cuboidal resistance network may not be a unique representation, but we show in this work that 182 
it serves well as a general example to understand the cellular heat diffusion picture.  183 
 184 
RESULTS 185 
Revisiting the effective thermal conductivity approximation 186 
We revisit the effective thermal conductivity approximation and use it to validate our 187 
cuboidal resistance network model. An effective thermal conductivity, 𝑘𝑒𝑓𝑓, approximates the 188 
local thermal resistances such that under a known amount of steady heat (𝑄), the temperature 189 
change (Δ𝑇) can be predicted using a single thermal property, 𝑘𝑒𝑓𝑓. The effective thermal 190 
conductivity is a function of the type of heat input (line, surface, or volumetric) [58], and the 191 
location of the temperature measurement. Typically, the measured temperatures can be volume 192 
averaged (𝑇𝑣−𝑎𝑣), surface average (𝑇𝑠−𝑎𝑣), volume maximum (𝑇𝑣−𝑚), or surface maximum 193 
(𝑇𝑠−𝑚). For bio-heat transport studies, especially for thermometry-based bioenergetics studies, a 194 
useful and an often-measured parameter is the average temperature in a volume (𝑇𝑣−𝑎𝑣). The 𝑇𝑣−𝑎𝑣 195 
is representative of an average temperature measured using fluorescent dyes, or dispersed 196 
nanoparticles. If the heat input is known (say, endogenous heat source, or laser), the average 197 
temperature change can be used to estimate the local effective thermal conductivity, 𝑘𝑒𝑓𝑓[55], 198 
[59]. Thus, in this study, we assume 𝑘𝑒𝑓𝑓 as the effective (or measured) thermal conductivity 199 
calculated using the volume averaged temperature (𝑇𝑣−𝑎𝑣) for a known volumetric heat source. 200 
We later discuss how the location of temperature measurement and the type of heat source affect 201 
the effective thermal conductivity 𝑘𝑒𝑓𝑓.  202 
 203 
Figure 2. Volume averaged temperature change (Δ𝑇𝑣−𝑎𝑣) of the stack of cells is plotted against the 204 
number of cells, 𝑁, in the stack. The total edge length of the stack of cells is given by 𝑙𝑒, which is 205 
~(𝑁𝐿)0.33, where 𝐿 is the length of each cell surrounded by 𝑅𝑠
′′. The Δ𝑇𝑣−𝑎𝑣 are shown for 4 206 
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combinations of 𝑘𝑚𝑒𝑑 and 𝑅𝑠
′′, as shown inside the graph. For lengths, 𝑙𝑒> 1 mm, the plotted Δ𝑇𝑣−𝑎𝑣 also 207 
correspond to a stack of cells with an effective thermal conductivity, 𝑘𝑒𝑓𝑓, as noted outside the graph 208 
using the corresponding colors. Each cell is assumed to release heat of 2.5 nW. Only 1/8th of the domain 209 
is shown in the schematic for clarity.  210 
Using the above-mentioned definition of effective thermal conductivity, 𝑘𝑒𝑓𝑓, we now 211 
discuss how the cuboidal resistance network’s 𝑘𝑒𝑓𝑓 prediction compare against those that were 212 
previously measured experimentally. Consider a stack of 𝑁 cuboidal cells (Figure 2), representing 213 
a multi-cellular tissue. Each cell has an edge length, 𝐿=50 μm, roughly corresponding to an adipose 214 
cell size [60]. The cells are assumed to be filled with a medium of thermal conductivity 𝑘𝑚𝑒𝑑, 215 
surrounded by an equivalent surface resistance, 𝑅𝑠
′′. The stack of cells is surrounded by saline. A 216 
constant outer surface temperature (20°C) is assumed at the saline far from the tissue. At large 217 
length scales, 𝑙𝑒 ≫ 𝑅𝑠
′′𝑘𝑚𝑒𝑑, where 𝑁 → ∞, the effective (or measured) thermal conductivity of 218 









We computationally confirm the effective thermal conductivity approximation (Eqn. (4)) 220 
using Figure 2. We use finite element simulations that were validated for interfacial resistance 221 
modeling in our previous work [40], [54], [61] and for modeling transients in the supplementary 222 
material. A nominal volumetric heat of 2.5 nW is assumed to be released per cell, which 223 
corresponds to a typical cell metabolism rate [41], [62]. We plot in Figure 2 the volume-averaged 224 
temperature change (Δ𝑇𝑣−𝑎𝑣) in the cell stack against the number of cells, 𝑁,  in the stack. Δ𝑇𝑣−𝑎𝑣 225 
is plotted for different equivalent resistances, 𝑅𝑠
′′ from 10-3 to 10-5 K.m2W-1. We also plot the 226 
corresponding temperature changes without an equivalent resistance 𝑅𝑠
′′, but with an effective 227 
thermal conductivity 𝑘𝑒𝑓𝑓 (0.18 and 0.26 Wm
-1K-1), for 𝑙𝑒> 1 mm, as marked outside the graph in 228 
Figure 2. We specifically choose a 𝑘𝑒𝑓𝑓 of 0.18 Wm
-1K-1 and 0.26 Wm-1K-1 since previous studies 229 
report the effective thermal conductivity for adipose tissues to be in the range 0.18-0.26 Wm-1K-1 230 
[28], [63]. From Figure 2, we find that the calculated temperatures (Δ𝑇𝑣−𝑎𝑣) using 𝑘𝑒𝑓𝑓 of 0.18 231 
Wm-1K-1 and 0.26 Wm-1K-1 are indistinguishable from the calculated Δ𝑇𝑣−𝑎𝑣 for a cuboidal 232 
resistance network with  𝑘𝑚𝑒𝑑=0.58 Wm
-1K-1, 𝑅𝑆′′ of 2×10
-4 and 10-4 K.m2W-1, respectively. In 233 
other words, a 𝑘𝑒𝑓𝑓= 0.18-0.26 Wm
-1K-1  that was previously measured for adipose tissues is 234 
equivalent to a tissue made up of cells of 𝐿=50 μm each with a 𝑘𝑚𝑒𝑑=0.58 Wm
-1K-1 and 𝑅𝑠
′′ = 235 
2×10-4 – 10-4 K.m2W-1, respectively, as also estimated by Eqn. (4). Thus, the cuboidal resistance 236 
network consisting of 𝑘𝑚𝑒𝑑 and 𝑅𝑠
′′ can capture the effective thermal conductivity approximation 237 
at tissue length-scales.  238 
At sub-cellular length-scales, a recent report [55] measured the thermal conductivity to be 239 
0.07-0.13 Wm-1K-1 with a spatial resolution of 200 nm inside a cell.  Since the measured 𝑘𝑒𝑓𝑓 is 240 
less than protein’s thermal conductivity, 𝑘𝑝 (~0.1-0.2 Wm
-1K-1), the interfacial resistances (𝑅𝑇𝐼𝑅
′′ ) 241 
possibly dominated at sub-cellular length-scales. We approximated the cellular heat diffusion 242 
picture to a cuboidal resistance network to explicitly account for the interfacial resistances (𝑅𝑇𝐼𝑅
′′ ). 243 
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Consequently, a low 𝑘𝑒𝑓𝑓  can be explained using the cubic resistance network if the lumped 244 
resistance 𝑅𝑠
′′ is in the range 10-7-10-6 K.m2W-1 (Figure S2 in supplementary material) at 𝐿~ 50 nm. 245 
Therefore, the cuboidal resistance network can provide a reasonable approximation to the thermal 246 
conductivity across a range of sub-cellular to tissue length-scales.  247 
 248 
Limitations of effective thermal conductivity approximation 249 
The effective thermal conductivity, 𝑘𝑒𝑓𝑓,  is a function of the length-scale at which it was 250 
estimated (Figure 3), especially if the local thermal interfacial resistances dominate the total 251 
thermal resistance. If the local thermal resistances (𝑅𝑠
′′) are in the order of 10-4 K.m2W-1 at a length-252 
scale of 50 μm, the effective thermal conductivity is a strong function of the length scale varying 253 
from 0.05 Wm-1K-1 to 0.25 Wm-1K-1, over 50 μm to 2 mm length-scale. Figure 3 shows that the 254 
effective thermal conductivity can be as low as ~0.05 Wm-1K-1 at cellular length-scales (<50 μm), 255 
which is in close agreement with a recent report [55] of intracellular 𝑘: 0.07-0.13 Wm-1K-1. We 256 
mark this experimentally reported thermal conductivity in red circle in Figure 3 at 𝑁~1. Similarly, 257 
for adipose tissues, the thermal conductivity is typically in the range 0.18-0.26 Wm-1K-1 [28], [63], 258 
which is also highlighted in red in Figure 3 at larger length-scales (𝑙𝑒~2 mm). Notably, our 259 
resistance network model can capture the thermal conductivity variation from sub-cellular to tissue 260 
length-scales. The data shown in black line in Figure 3 corresponds to our specific assumption of 261 
a cuboidal topology for the resistance network. In general, the true functional relationship between 262 
effective thermal conductivity and length-scale could be determined by mapping the true topology 263 
of the resistance network in the system. Our cuboidal topology serves as a generalized example to 264 
show that the local interfacial resistances can be responsible for the reduction in effective thermal 265 
conductivity at smaller length-scales.  266 
The equivalent resistance (𝑅𝑠
′′) is responsible for reducing the effective thermal 267 
conductivity at lower length-scales (Figure S2). The value of this resistance 𝑅𝑠
′′ scales directly with 268 
the length-scale (𝐿), as evident from Eqn. (4). A resistance, 𝑅𝑠
′′, of ~10-4 K.m2W-1 at a length-scale 269 
𝐿=50 μm may seem high; however, it scales down to an equivalent resistance, 𝑅𝑠
′′ of ~10-7 K.m2W-270 
1 at a length-scale 𝐿=50 nm, where the contribution of 𝑅𝑇𝐼𝑅𝑖
′′  can no longer be ignored in 𝑅𝑆
′′. A 271 
resistance of 10-7 K.m2W-1 is comparable to that of hydrophobic-water interfaces [33], [34]. At 272 
sub-cellular length scales ~50 nm, if the local resistance 𝑅𝑠
′′ is on the order of 10-7 K.m2W-1, 𝑘𝑒𝑓𝑓  273 
can vary from 0.05 Wm-1K-1 to 0.25 Wm-1K-1 over length scales of 50 nm to 2 μm (Figure 3). The 274 
interfacial resistance (𝑅𝑇𝐼𝑅
′′ ) contribution to the lumped resistance 𝑅𝑆
′′ cannot be ignored at a length-275 
scale 𝑙𝑒 where 𝑅𝑠
′′~ ∑ 𝑅𝑇𝐼𝑅𝑖𝑖 ~𝑙𝑒/𝑘𝑝 could be all in similar orders of magnitude. The exact length-276 
scale 𝑙𝑒 at which 𝑅𝑇𝐼𝑅
′′  dominates cannot be known for certain since we do not have any information 277 
on the TIR of multiple interacting protein chains or organelles.  278 




Figure 3. Effective thermal conductivity (𝑘𝑒𝑓𝑓)  is a function of the length-scale at which it is measured. 280 
We find the 𝑘𝑒𝑓𝑓 at each length scale, 𝑙𝑒, by matching the volume averaged temperature (𝑇𝑣−𝑎𝑣) for a 281 
stack of 𝑁 cells with a resistance network of 𝑘𝑚𝑒𝑑 and 𝑅𝑠
′′ to that of a stack with a 𝑘𝑒𝑓𝑓. We assumed a 282 
constant volumetric heat of dissipation per cell. The region in red corresponds to some of the previous 283 
experimental data points [28], [55], [63]. 284 
 285 
The effective thermal conductivity, 𝑘𝑒𝑓𝑓, is also dependent on the type of input heat source 286 
(volumetric or surface), and the location of the measured temperature. For bioenergetics studies, 287 
we assumed that a 𝑘𝑒𝑓𝑓 is typically measured using the average temperature change over a volume 288 
(𝛥𝑇𝑣−𝑎𝑣)  for a known volumetric heat input, 𝑄. However, if the length-scale 𝑙𝑒 of effective thermal 289 
conductivity 𝑘𝑒𝑓𝑓 measurement is in the order of 𝐿, which is the length-scale of local resistances 290 
(𝑅𝑠
′′), the 𝑘𝑒𝑓𝑓 approximation may fail to capture the true temperature distribution,  as shown in  291 
Figure 4. If 𝑘𝑒𝑓𝑓 is used, we denote the temperature changes as Δ𝑇𝑘𝑒𝑓𝑓, calculated using the known 292 
𝑘𝑒𝑓𝑓. Similarly, we denote the temperature changes calculated using the cuboidal resistance 293 
network (𝑘𝑚𝑒𝑑 and 𝑅𝑠
′′, Figure 1b) as Δ𝑇𝑅. We find from Figure 4 that if the effective thermal 294 
conductivity is defined using the average temperature (Δ𝑇𝑣−𝑎𝑣), the local surface temperatures 295 
(Δ𝑇𝑠−𝑚)  can be higher by 67%, or the overall maximum temperature (Δ𝑇𝑣−𝑚) can be lower by 296 
51% in comparison to the true temperature changes (Δ𝑇𝑅). Only at length-scales 𝑙𝑒 ≫ 𝐿, as shown 297 
in Figure 4, an effective thermal conductivity can capture the true temperature distribution.  298 
We note here that we assumed the true temperature change to be Δ𝑇𝑅 (in Figure 4), 299 
corresponding to a cuboidal resistance network, which is one of the many possible topologies. The 300 
real picture could be worse (with entangled resistance network and high interfacial resistances) or 301 
better (with a homogenous dispersion of proteins, low cell packing density, and low interfacial 302 
resistance). The former is more likely since it supports the reduction in the effective thermal 303 
conductivity to values below that of typical proteins (Figure 3).   304 
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Typical calorimetry techniques [41], [42] for biological cells measure the temperature of 305 
the surrounding medium to estimate the total heat released from a cell. Such techniques inherently 306 
assume an effective thermal conductivity for the cell and the surrounding medium during the 307 
calibration of the thermal resistance of the calorimetry cell using an external heater. We discussed 308 
in this section that the effective thermal conductivity is a function of the location of the heat source, 309 
the location of the measured temperature, and the local interface resistance network (Figure 4). 310 
Since the resistance to heat flow for an external heater may be different in comparison to any 311 
intracellular heat sources, previously reported calorimetry techniques [41], [42] may not be able 312 
to capture the true intracellular heat release via externally measured temperatures. 313 
  314 
 315 
Figure 4. Effective thermal conductivity (𝑘𝑒𝑓𝑓) may not capture the temperature distribution at smaller 316 
length-scales. We use the 𝑘𝑒𝑓𝑓 shown in Figure 3, for this plot.  s-m: surface maximum, v-m: volume 317 
maximum, v-av: volume average.  318 
 319 
Typical temperature changes 320 
In the previous sections, we developed a cuboidal resistance network that offers a generalizable 321 
way to model the interfacial resistances. The topology of the resistance network and the absolute 322 
value of the resistances may vary widely across cell lines. In this section, we explore the typical 323 
endogenous temperature changes for a range of length-scales and interfacial resistances. An 324 
estimate of the typical temperature changes can help determine the required sensitivity of 325 
measurement techniques to measure such temperature changes. 326 




Figure 5. Maximum localized temperature changes in sub-cellular compartments due to a total 328 
endogenous heat release rate of 10 nW. We plot this for a range of possible equivalent resistances, 𝑅𝑠
′′, at 329 
a length-scale 𝐿. The notations a, b, c, d correspond to different types of subcellular compartments. A 330 
conservative thermal conductivity of 0.1 Wm-1K-1 was assumed for the subcellular compartments and the 331 
surrounding medium (cytosol).  332 
 333 
Sub-cellular localized temperature changes 334 
In this section, we estimate the localized temperature changes in sub-cellular compartments 335 
due to endogenous heating. Endogenous heat release in individual cells is typically in the range of 336 
1–10 nW in a 50 μm diameter cell (~1-20 kW/m3) [28], [41], [62]. We consider a few different 337 
scenarios (listed in Figure 5) each representing different sub-cellular compartment sizes, but all 338 
producing the same 10 nW of total heat. For instance, scenario a has 10,000 compartments each 339 
producing a heat 𝑄=1 pW and has a length-scale 𝐿= 50 nm roughly corresponding to individual 340 
protein chains. On the other hand, the scenario c has 1,000 compartments each producing a heat 341 
𝑄=10 pW and has a length-scale 𝐿= 1 μm, roughly corresponding to that of mitochondria. In Figure 342 
5, we show the maximum localized temperature changes in such sub-cellular compartments. We 343 
only plot the temperature changes for a range of possible equivalent resistances 𝑅𝑆
′′. For instance, 344 
we do not plot the temperature changes in scenario a for 𝑅𝑆
′′> 10-6 K.m2W-1, since it is unlikely for 345 
protein chains of 50 nm length-scale to have such resistances. The volumetric heat rate for the 346 
scenarios shown in Figure 5 are in the range ~1- 8000 MW/m3. Despite such a high volumetric 347 
heat release rate, the localized temperature changes in a cell are expected to be < 0.1 K. This is 348 
contrary to certain previous studies that report intracellular organelles to be ~1 K higher than the 349 
cytosol [7], [17]. The intracellular temperature changes can be greater than 0.1 K if exogenous 350 
stimulants [9], [36], [64], [65] such as proton uncouplers (BAM15, CCCP, FCCP), laser, 351 
resonating magnetic nanoparticles, etc. are used to increase the heat released in cells by several 352 
orders of magnitude above endogenous conditions. Moreover, transient endogenous temperature 353 
fluctuations in a 10 nm sub-cellular compartment can be up to ~1 K, but it can only occur over a 354 
timescale of 0.1 ns, which could be averaged-out by most measurement techniques [26]. Overall, 355 
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to measure endogenous and localized temperature changes in intracellular regions, the 356 
measurement technique is required to have a detection limit ≪ 100 mK. 357 
 358 
Tissue-scale temperature changes 359 
A few nanowatts of intracellular heat cannot raise the local temperature in an isolated cell 360 
by a few K as evident from Figure 2 and Figure 5. However, it is well known that brown adipose 361 
tissue (BAT) cells contribute toward increasing the local tissue temperatures by 1-2 K [4], [5], 362 
especially under cold-induced conditions. In this section, we systematically show how the 363 
temperature changes increase from a few mK in a single isolated cell to 1-2 K in tissues through 364 
our cuboidal resistance network for cells. We also compare our results against a bioheat transport 365 
model that was previously developed for tissues.  366 
 For a nominal heat of 2.5 nW per cell, we previously discussed in Figure 2 that the average 367 
temperature change increases with the number of cells, 𝑁. The temperature changes, Δ𝑇𝑉−𝑎𝑣, in 368 
Figure 2 roughly follows a power-law, Δ𝑇𝑉−𝑎𝑣 ∝ 𝑁
𝛾, where 𝛾 = 0.63-0.67, which is consistent 369 
with previous analytical estimates [18], [66]. By extrapolating this fit, in Figure 6a, we calculate 370 
the corresponding temperature changes at tissue length-scales of ~20 mm. The thermal 371 
conductivity of adipose tissue is typically in the range of 0.18-0.26 Wm-1K-1. The corresponding 372 
Δ𝑇𝑉−𝑎𝑣 is expected to be in the range of 2-4 K for a tissue of size ~ 20 mm (Figure 6a). We compare 373 
this prediction to a 3D bio-heat transport model that was developed for tissues to include the effects 374 
of blood perfusion. Details of this model are available in previous studies [27], [28], and also in 375 
the supplementary material. Briefly, the bioheat transport model accounts for volumetric metabolic 376 
heat production (𝑄𝑚𝑒𝑡
′′′ ) at tissues and blood associated thermoregulation (𝑄𝑏𝑙𝑜𝑜𝑑
′′′ ). The blood 377 
perfusion rate is expressed as 𝜔𝑏 in s
-1. The volumetric heat supplied or removed by the blood is 378 
then given by, 𝑄𝑏𝑙𝑜𝑜𝑑
′′′ = 𝜌𝑏𝜔𝑏𝐶𝑏(𝑇𝑏 − 𝑇 ), where 𝐶𝑏 is the specific heat capacity, 𝜌𝑏 is the density 379 
of the blood, 𝑇𝑏 is the arterial blood temperature, and 𝑇 is the local tissue temperature. In Figure 380 
6b, we use the bio-heat transport model to calculate the expected temperature changes in brown 381 
adipose tissue (BAT) deposits during a cold-induced (𝑇𝑎𝑚𝑏𝑖𝑒𝑛𝑡=15°C) thermogenesis. BAT 382 
volumes vary depending on age, location, and weight of the individual. Here, we choose a 2 cm3 383 
ellipsoidal BAT as representative of supraclavicular region [28], [67], [68]. We used previously 384 
reported thermal and physical properties for blood, fat (BAT and WAT), and muscle, which we 385 
also summarize in Table S1 in the supplementary material. Our previous estimation of Δ𝑇𝑣−𝑎𝑣~2-386 
4 K rise in a stack of cells (Figure 6a) is equivalent to a scenario in BAT (Figure 6b, 𝑄=2-3 387 
nW/cell) with no blood perfusion. Notably, we were able to predict the temperature change in 388 
tissues by using a framework built from single cells (with 𝑘𝑚𝑒𝑑 and 𝑅𝑠
′′ along a cuboidal resistance 389 
network) each producing ~2.5 nW of heat. The Δ𝑇 from a stack of cells (Figure 6a) did not include 390 
the effects of blood transport. Blood perfusion is responsible for the nutrient transport required to 391 
sustain the thermogenesis. Considering the effects of blood perfusion, we expect the tissue’s 392 
temperature to rise by ~1 K (Figure 6b). This is also consistent with previous experimental reports 393 
that studied thermoregulatory neuronal circuits and report a maximum temperature change in the 394 
order of ~1-2 K in BAT deposits [4], [5]. Even though intracellular temperature changes are ≪ 0.1 395 
K in an isolated cell (~50 μm), the temperature changes can reach 1-2 K at tissue length-scales of 396 
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~10 mm. Overall, the detection limit required for the measurement of endogenous temperature 397 
changes at tissue length-scales are in the order of ~0.1 K, which is realizable in common 398 
macroscopic measurement techniques. 399 
 400 
Figure 6. a) Average temperature of the stack of cells increases with the number of cells, 𝑁, and reaches 401 
~2-4 K at a length-scale of ~20 mm. We extrapolated these curves from Figure 2. b) Average temperature 402 
change in the BAT deposit is shown for 5, 10, 15, 20, 25-fold increase in BAT metabolism. The x-axis 403 
shows the heat released in the tissue in nW per cell (of dimension 50 μm x 50 μm x 50 μm). The “no 404 
blood perfusion” case assumed 𝜔𝑏 to be zero. More details on this bio-heat transport model can be found 405 
in the supplementary material.  406 
 407 
Choosing an appropriate thermometry technique 408 
In the previous section, we estimated the typical endogenous temperature changes at intracellular 409 
and tissue length-scales. Such temperature changes occur inherently in the biological medium, 410 
irrespective of the measurement technique. When a temperature probe is introduced into the 411 
biological milieu, it often measures a temperature that is spatially averaged across the dimensions 412 
of the probe [69]. Therefore, in this section, we consider the perspective of the measurement 413 
technique and examine the temperature changes measured by the probes employed. Specifically, 414 
we consider two commonly used techniques – intracellular and extracellular thermometry. We 415 
examine the expected measurement temperatures over a range of cellular to tissue length-scales 416 
for biochemical reactions of different timescales and heat rates. Such an analysis would help to 417 
identify the optimal thermometry technique that can provide physiological insight for a given type 418 
of biochemical reaction.  419 
Figure 7 schematically depicts the two measurement techniques that we analyze in this 420 
section. We define Δ𝑇𝑖𝑛𝑡 as the maximum intracellular temperature that can be measured through 421 
infinitesimal intracellular probes (say nanoparticles or molecular probes) dispersed inside the cells 422 
at the surface of a tissue of 𝑁 cells. We define Δ𝑇𝑒𝑥𝑡, as the temperature measured by an 423 
extracellular probe (say RTD or thermocouple) of 50×50×50 μm3 size, which is also assumed to 424 
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be at the surface of a tissue of 𝑁 cells.  In the following sections, we first analyze the time-scale 425 
effects of the measurement temperatures (Δ𝑇𝑖𝑛𝑡 vs. Δ𝑇𝑒𝑥𝑡) across a range of length-scales. We then 426 
highlight how the temperature changes compare with the typical detectable limits of the 427 




Figure 7  a) Schematic of intracellular temperature measurement is shown, defining Δ𝑇𝑖𝑛𝑡 as the 432 
maximum intracellular temperature from cells at the surface of 𝑁 number of cells. b) Schematic of a 433 
typical extracellular temperature measurement is shown, defining Δ𝑇𝑒𝑥𝑡 as the extracellular temperature 434 
measured at a location of size (50×50×50 𝜇m3). The probe is assumed to have the same thermal 435 
properties as that of water. We assume a nominal resistance, 𝑅𝑆













Figure 8 a) The extracellular (Δ𝑇𝑒𝑥𝑡, blue points) and intracellular (Δ𝑇𝑖𝑛𝑡, red points) temperature changes 445 
during endogenous thermogenesis (10 nW, steady state per cell) are plotted on the left y-axis. The ratio 446 
Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 (black points) is plotted on the right y-axis. b) The temperature changes over 𝑁=1 to 1000 is 447 
plotted separately to clearly show the magnitude of temperature changes at small length-scales. We 448 
assumed the cell to have edge length 𝐿=50 μm. The ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 is independent of the magnitude of 449 
heat. 450 
 451 
Time-scale effects 452 
We first compare the steady-state temperature changes expected to be measured by extracellular 453 
(Δ𝑇𝑒𝑥𝑡) and intracellular (Δ𝑇𝑖𝑛𝑡) probes, as shown in Figure 8. We assume a steady heat release of 454 
10 nW per cell of size 50 μm, typical of brown adipose tissue cells under cold-induced 455 
thermogenesis. From Figure 8, we find that the Δ𝑇𝑒𝑥𝑡 and Δ𝑇𝑖𝑛𝑡 closely follow each other on the 456 
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scale of 0 to 100 mK over a range of length-scales. For 𝑁<1000, the absolute magnitude of the 457 
temperature changes is < 10 mK, which is lower than the typical detection limits of the 458 
measurement techniques. We later discuss (in the following section) the influence of the heat 459 
magnitude on the absolute value of the temperatures and how they compare against the detection 460 
limit. In Figure 8, we also plot the ratio of the temperature changes, Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡, which is 461 
independent of the absolute magnitude of heat release. The ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 reaches a maximum 462 
of about 5.8 at 𝑁=1, which corresponds to an isolated cell. Further, Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 remains under 2 463 
for 𝑁>25 cells. This shows that using an intracellular probe to measure temperature changes is 464 
beneficial, especially if the number of cells in the study is less than 10. In other words, intracellular 465 
probes can be useful for in vitro studies in a petri dish setting, where the temperature changes 466 
inside a cell can be up to 5.8 times higher than that outside of a cell, under steady-state conditions.  467 
Under transient heating conditions, intracellular temperature changes (Δ𝑇𝑖𝑛𝑡) can be 5-20 468 
times higher than that measured at extracellular regions (Δ𝑇𝑒𝑥𝑡) in an in vitro setting for isolated 469 
cells. We depict this in Figure 9, where we show the simulated measurement temperatures for 470 
transient heating of 𝑄 = 10 𝑒−𝑡/𝜏nW in a single isolated cell in an infinite medium, releasing heat 471 
𝑄 at different timescales (𝜏). We find the ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 to increase from 5.8 (~for steady-state 472 
conditions) to up to 18 at a timescale of 𝜏=1 ms for the heat release. The ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 is high 473 
at lower timescales (𝜏) primarily because the time taken for the heat to diffuse (given by 𝐿2/𝛼, 474 
where 𝐿 is the length-scale and 𝛼 is the thermal diffusivity) and reach the extracellular probes is 475 
higher than the heat release duration (𝜏). Thus, the heat is spatially confined to intracellular regions. 476 
Intracellular thermometry is, therefore, better suited in isolated cells in vitro, especially if the heat 477 
release is expected to be transient with a timescale ≪ 1 s.   478 
 479 
 480 
Figure 9: The intracellular (Δ𝑇𝑖𝑛𝑡, red) and extracellular (Δ𝑇𝑒𝑥𝑡, blue) temperature changes are plotted 481 
along the left y-axis for a transient heat release (10 𝑒−𝑡/𝜏 nW) in an isolated cell in an infinite saline 482 
medium. The ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 (black points) is plotted on the right y-axis. The ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 is 483 
independent of the magnitude of heat. 484 
 485 




Figure 10. The extracellular (Δ𝑇𝑒𝑥𝑡, blue points) and intracellular (Δ𝑇𝑖𝑛𝑡, red points) temperature changes 487 
during transient thermogenesis (10 𝑒−𝑡/𝜏nW per cell) are plotted on the left y-axis. The ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 488 
(black points) is plotted on the right y-axis. We assumed the cell to have edge length 𝐿=50 μm and 489 
𝑅𝑆
′′~10-4 K.m2W-1. The ratio Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 is independent of the magnitude of heat. 490 
Since the transient heating is localized within a cell, the transient temperature changes do 491 
not increase at larger length-scales. In Figure 6 and Figure 8, the steady-state heating resulted in 492 
the corresponding temperature change (Δ𝑇) to increase with the number of cells (𝑁)  as Δ𝑇~𝑁𝛾. 493 
However, if the heat release is transient in nature, as shown in Figure 10, the corresponding 494 
temperature changes do not increase with the number of cells (𝑁) beyond a certain 𝑁 . Moreover, 495 
from Figure 10, we find that a smaller timescale of heat release (𝜏~0.1 s) results in temperature 496 
changes that saturate at smaller length-scales (𝑙𝑒~1 mm) than that for 𝜏~1 s. This is expected since 497 
the heat diffusion length (√𝛼𝜏) is smaller for shorter heat release duration (𝜏). Overall, we again 498 
find that intracellular thermometry is better suited for transiently thermogenic reactions with 499 
timescales ≪ 1 s in isolated cells under in vitro conditions; however, at larger length-scales, 500 
extracellular thermometry is also equally suited to measure the temperature changes since 501 
Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡  → 1 for length-scales 𝑙𝑒>0.2 mm. Throughout this section, we analyzed the ratio 502 
Δ𝑇𝑖𝑛𝑡/Δ𝑇𝑒𝑥𝑡 to conclude that intracellular thermometry is better suited for transients in isolated 503 
cells; however, the absolute magnitude of  Δ𝑇𝑖𝑛𝑡 is < 1 mK (Figures 8-10) in isolated cells, which 504 
renders it not possible to measure using conventional techniques. We discuss the implications of 505 
the absolute temperature changes and the heat rate magnitudes in the following section.  506 
  507 
Heat rate magnitude: endogenous vs stimulated 508 
Under physiological conditions, intracellular temperature changes are usually limited to 509 
sub-mK values, which are not directly measurable in vitro by intracellular probes, unless the cells 510 
are thermally isolated by multiple vacuum chambers [41], [42]. However, if the intracellular heat 511 
release can be stimulated by external agents, the intracellular temperature changes can reach 512 
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measurable limits, as we show in Figure 11. We plot the steady-state temperature changes (Δ𝑇𝑖𝑛𝑡 513 
and Δ𝑇𝑒𝑥𝑡) in an isolated cell in a petri dish setting, for a range of uniform volumetric heat release 514 
𝑄 inside the cell. Typically, any physiological heat release rate is < 100 nW [28], [41], [42], [62] 515 
as marked in Figure 11. To increase the expected temperatures to measurable limits 516 
(conservatively, 0.1 K), the intracellular heat release needs to be stimulated exogenously to > 10 517 
μW.  Stimulated mitochondrial proton uncoupling [9] is one such example, where the heat release 518 
is stimulated by an external proton uncoupler. Other examples of exogenous heating include laser 519 
[65], resonating magnetic nanoparticles [36], norepinephrine [64], etc. Only when the intracellular 520 
heat release is stimulated, intracellular thermometry techniques can provide useful and measurable 521 
physiological information on the stimulated biochemical reaction. Therefore, intracellular 522 
temperature probes can be useful for steady-state and transient measurements in vitro, especially 523 
if the intracellular heat release is stimulated exogenously.  524 
On the other hand, extracellular thermometry can be useful for probing endogenously 525 
thermogenic reactions at tissue length-scales. The steady-state temperature changes increase with 526 
the length-scale and reach up to a few K at 𝑙𝑒~10 mm, as evident from Figure 6. At such length-527 
scales (𝑙𝑒> 10 mm), the extracellular probe can directly measure thermogenesis-induced 528 
temperature changes. Further, there is little benefit to using intracellular probes at larger length-529 
scales (> 1 mm) as evident from Figure 8a. Therefore, extracellular temperature probes can provide 530 
useful physiological information on endogenous thermogenesis-related activities at larger length-531 
scales such as tissues/organs that are > 1 mm. This is also evident from previous studies that 532 
utilized mm-scale thermometers to study thermoregulatory neuronal circuits [4], [5], and cancer 533 
metabolism [6], [29], [70], [71].  534 
 535 
 536 
Figure 11. For a single isolated cell in a typical petri dish setting, the intracellular (Δ𝑇𝑖𝑛𝑡, red)  and 537 
extracellular (Δ𝑇𝑒𝑥𝑡, blue) temperature changes are plotted for various steady-state volumetric heat release 538 
rates, 𝑄. Physiologically expected heat release rates are ≪ 100 nW. The typical intracellular temperature 539 
measurement limit is > 0.1 K, in an in vitro petri dish setting.   540 
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SUMMARY OF DISCUSSION 541 
In the discussions above, we explained how our heat diffusion model can be used to design 542 
cellular thermometry experiments. Here, we first summarize our key recommendations, provide 543 
relevant examples, and then address some limitations. We explored different thermometry options 544 
and thermogenic reactions of different heat rates and times-scales to identify which technique is 545 
optimal for a given reaction. By investigating a range of parameters such as length-scales, 546 
timescales, and expected heat release rates, we find the following: 547 
1. Intracellular thermometry is useful in a petri dish setting for in vitro studies, especially if 548 
the intracellular heat release is stimulated exogenously and is transient in nature occurring 549 
over < 1 s. For instance, a previous study utilized a nanodiamond-based intracellular 550 
thermometer and laser-induced heating to find that the early embryonic development in C. 551 
elegans is determined independently by individual cells rather than cell-to-cell 552 
communications [72]. Another study utilized a microfabricated intracellular thermometer 553 
in Aplysia neurons and observed transient heating during sudden mitochondrial 554 
depolarization by proton uncoupler BAM15 [9]. Such intracellular thermometry studies 555 
utilizing exogenous stimulants can result in temperature changes above detection limits 556 
and provide unprecedented insights into the subcellular metabolic pathways.   557 
2. Extracellular thermometry is useful to observe physiologically relevant and endogenous 558 
thermogenesis, especially in tissues (> 1 mm length-scale). For instance, a previous study 559 
utilized an extracellular thermistor probe to observe that the brown adipose tissue (BAT) 560 
thermogenesis is controlled by a synergy between Leptin and thyrotropin-releasing 561 
hormone in the rat’s hindbrain [5]. Another study observed that the hypothalamic orexin-562 
synthesizing neurons contribute to the intensity with which rats respond to external 563 
conditions, by measuring BAT temperatures through a thermistor [73]. Since the 564 
endogenous temperature changes in tissues [1], [2], [6] can be above the detection limits, 565 
they can provide direct insights into the metabolic pathways being probed.  566 
Other non-conventional thermometry techniques such as isolating a cell in a microfluidic 567 
channel or micropipettes with multiple isothermal vacuum chambers have been previously 568 
attempted [41], [42]. Such techniques increase the resistance to heat flow, which can increase the 569 
temperature changes above detection limits even for a nominal endogenous heat release ~1-10 nW 570 
from one or few cells. However, under such isolated conditions, transient temperature 571 
measurements in the order of sub-seconds are yet to be developed. Overall, future bioenergetics 572 
studies can choose an appropriate thermometry technique using our guidelines discussed here, if 573 
the underlying biochemical reaction’s timescale and stimulation mechanisms are known.  574 
Throughout this work, we utilized a cellular heat diffusion model with a cuboidal network 575 
of resistance 𝑅𝑠
′′ to capture the influence of interfacial resistances in the cellular milieu. We 576 
assumed a constant 𝑘𝑚𝑒𝑑 of 0.58 Wm
-1K-1 corresponding to water (𝑘𝑤𝑎𝑡𝑒𝑟) and concentrated all 577 
the resistances from the proteins or organelles to be at 𝑅𝑠
′′. However, cellular heat diffusion could 578 
be from a combination of 𝑘𝑚𝑒𝑑 (< 𝑘𝑤𝑎𝑡𝑒𝑟, due to a homogeneous distribution of proteins and ions 579 
or low packing density) and 𝑅𝑠
′′, where the magnitude of 𝑅𝑠
′′(=∑ 𝑅𝑇𝐼𝑅𝑖𝑖 ) could be less than that 580 
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used throughout this work. Similarly, the increase in thermal conductivity at large length-scales 581 
could be due to a low packing density of cells in tissues. Further, lipid bilayers and other proteins 582 
undergo phase change near room temperatures [74], [75], which may influence the local thermal 583 
resistances. Thus, the effective thermal conductivity (𝑘𝑒𝑓𝑓) may likely depend not only on the 584 
length-scale but also on the temperature at which they are measured. Future intracellular 585 
thermometry studies can provide insights on the length-scale and temperature dependence of 586 
thermal properties (𝑘𝑒𝑓𝑓 and 𝑅𝑆
′′)  by measuring the local temperature changes across a range of 587 
length-scales 50 nm – 100 μm using a certain heat input. Spatial distribution of the local thermal 588 
interfacial resistances can be known if spatial temperature distributions can also be measured 589 
across the cellular medium. Recent studies [59], [76] have measured the thermal properties of the 590 
lipid bilayers in cell membranes; however, measurements on cytoskeleton components such as 591 
actin, microtubules, intermediate filaments, etc. are necessary to understand the significance of 592 
their thermal interfacial resistance. Additional topographical information on the biomolecular 593 
interfaces and their interface resistance values may help to improve the heat diffusion model. 594 
Nonetheless, the cuboidal resistance network used in this work served as a generalized example to 595 
understand the influence of the interface resistances. 596 
CONCLUSION 597 
In conclusion, our work provides recommendations on choosing a thermometry technique 598 
by quantifying whether/when temperature changes are measurable under different biological 599 
conditions. A cellular heat diffusion model that incorporates the effects of dissimilar interfaces, 600 
provides the temperatures estimated in this work. We show that the commonly used effective 601 
thermal conductivity parameter may fail to capture true temperature distributions in the cellular 602 
milieu. This is particularly true at sub-cellular length scales where local interfacial resistances can 603 
be in the order of 10-7-10-6 K.m2W-1, which can result in an effective thermal conductivity (𝑘𝑒𝑓𝑓) 604 
substantially lower than those of the medium (𝑘𝑚𝑒𝑑) and proteins (𝑘𝑝). We captured the reduction 605 
in thermal conductivity at lower length-scales, as a test case, using a cuboidal topology for the 606 
interfacial resistance network. Our results underscore the need for future studies to measure and 607 
map the thermal interfacial resistances in the cellular medium. Further, we find that in subcellular 608 
organelles, temperature changes are expected to be less than 100 mK under physiological 609 
conditions. In contrast, at tissue scales, we find that even endogenous heat of few nanowatts per 610 
cell can produce 1-2 K overall temperature change, which is typical in cold-induced 611 
thermogenesis. Thus, extracellular probes are better suited to probing endogenous thermogenic 612 
reactions, since the temperature changes exceed detection limits at tissue length-scales. On the 613 
other hand, intracellular thermometry is better suited to probing transient thermogenic reactions 614 
since transient temperature changes are typically localized within the cell. However, such 615 
intracellular temperature changes are measurable only if the biochemical reaction is stimulated 616 
exogenously. Overall, this work provides insight into cellular heat diffusion modeling, using which 617 
we show how to choose the right thermometry technique to probe a biochemical pathway. 618 
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